Abstract. High phosphorus level in the Lake
Introduction
Excessive phosphorus (P) concentration in the Lake Okeechobee basins risks the life of habitants in the basins. The sources of P loadings to the Lake are farms, urban-wastewater, and fertilizers in the basins around the Lake Okeechobee. Existing measurement methods of P concentration in soil, vegetation, and water are labor-intensive, costly, and time consuming. A real-time measurement of P concentration will enable rapid, cost-effective, and non-laborious application. Real-time measurement will provide farmers, farm managers, and environmental planners & controllers to rapidly obtain information about P concentration, create P concentration maps (when an instrument is used in conjunction with a GPS receiver and GIS), and manage the P loadings to the drainage system, stream & rivers and the Lake efficiently. Therefore, the overall goal of this study is to develop a P-sensor using reflectance spectroscopy in visible (VIS) and near-infrared (NIR) ranges.
Objectives
The overall objective of this paper is to assess P concentration in the native soils collected from the Lake Okeechobee drainage basins using reflectance spectroscopy in VIS and NIR ranges. The specific objectives were: 1. To find out the relationship between actual P concentration of the soil samples and their reflectance in 400-2500 nm spectral range, 2. To identify significant absorption bands for P detection, and 3. To develop a calibration model and evaluate the calibration model, using statistical techniques such as Partial Least Squares (PLS) regression and multiple linear regression.
Background

Phosphorus (P)
Phosphorus, P, atomic number 15, atomic mass 30.97 amu and belongs to Group V of the periodic table of the elements. Corbridge (1990) stated that phosphorus was not found free in nature and almost occurs in the fully oxidized state as phosphates. The element is widely distributed in this form in soils & rocks, the oceans, all living cells, most foods, and many man-made materials. Phosphorus in agricultural soils is found in inorganic and organic forms (Al-Shankiti, 2000) . Nair et al. (1995) studied the forms of phosphorus in soil profiles from dairies in South Florida. They reported that the A horizons of the intensive areas had about 9% of total P as labile P, though most of the Ca-Mg-associated P was about 70% of total P.
Since P is found in the soil as molecular forms, focus could be directed to the electron state and molecular vibrations of P compounds available in soils. Li et al. (2000) compared the theoretical and experimental vibrational frequencies of P-H bond. They found 2339, 2311, and 2213 cm -1 from the experiment and 2319, 2292, and 2190 cm -1 from the theoretical analysis as vibrational frequencies. They concluded that the three P-H stretches were due to phosphorous dihydrogen bonds, isolated and coupled phosphorous monohydrogen bonds.
The visible type of radiation can be explained by outer electron transition and NIR type radiation represents outer electron and molecular vibrations. The first step solution to the detection of P concentration using VIS and NIR reflectance spectroscopy can be obtained from relationships between both the amounts of energy at the frequencies of each band and P compounds. Also finding out overtones of the frequencies of P compounds in infrared (IR) region could be used to find relationships among P concentration, transition states, and absorbance/energy levels at different wavelengths. A relationship between P concentration and absorbance of P compounds can be established.
Spectroscopic Sensing and Spectral Data Analysis
There are many spectrometric and colorimetric sensing techniques for determining the concentration of an element. Some of them are X-ray, flame, emission, infra-red and electron spectroscopy. These techniques use different form of an element such as solid, liquid and gas. For example, an atomic spectroscopy uses the gas form of elements. A liquid sample is heated by flame. Molecules are broken into atoms. Light absorption or emission of these free atoms is measured. Spectral data analyses involve pre-processing, quantitative, and qualitative analyses. Normalization, smoothing, derivation, and integration of spectrum can be examples of pre-processing of spectra. Quantitative analysis includes classical quantification methods (Least Squares Regression, Classical Least Squares Model, and Inverse Least Squares Model) and Eigenvector quantification methods such as Principle Component Regression (PCR) and Partial Least Squares (PLS) regression.
There have been numerous studies of VIS and NIR techniques for detecting soil properties (Ehsani et al., 1999; Varvel et al., 1999; Ingleby and Crowe, 2000; Millmier et al., 2000; Lee et al., 2001; Thomasson et al., 2001; Montross et al., 2003) . However, there were few investigations conducted on determination of soil P concentration using reflectance spectroscopy of VIS and NIR. Varvel et al. (1999) investigated the relationships between spectral data from an aerial image and soil organic matter as well as P levels. They reported a number of image acquisition problems and found similarities between surface maps of organic matter and Bray-1 P. They presented a correlation coefficient of 0.57 between soil organic matter and Bray-1 P. Ehsani et al. (1999) studied an NIR technique for rapid determination of soil mineral nitrogen. They concluded that the NIR response of soil in the wavelength range of 1800 to 2300 nm could be used to determine nitrate content of soil successfully. Lee et al. (2001) conducted a study on soil properties and spectral characteristics in Florida. They investigated 540 soil samples from four major soil orders in Florida in 400 to 2500 nm. They used PLS analysis and reported that R 2 values for the validation results for P were 0.66, 0.52, 0.66 and 0.55 for Alfisol, Entisol, Histosol, and Ultisol, respectively. Thomasson et al. (2001) investigated the soil reflectance sensing for determining soil properties and reported that certain sections of the spectrum had more variation than others in terms of measurement error, sample inhomogeneity, and differences among samples. They concluded that the regions of highest discriminatory power were 400-800 nm and 950-1500 nm. Hummel et al. (2001) studied soil moisture and organic matter prediction of surface and subsurface soils using an NIR soil sensor. They analyzed the data using stepwise multiple linear regressions and reported that coefficient of determination (R 2 ) and standard error of prediction (SEP) were 0.88 and 6.38 for the soil moisture, respectively.
Materials and Methods
Soil Sampling and Analysis
The study site consisted of two soil sampling locations in the Lake Okeechobee basins. These farms were Mac Arthur and Palaez-Ranch, located in Okeechobee County, Florida. The sampling locations were selected using experience and expert knowledge of the UF/IFAS extension service officers about the current P status of the Lake Okeechobee basin focusing on obtaining soil samples with a wide range of P concentrations from very low to high levels.
Soil samples were obtained in November 2002. A total number of 68 soil samples were collected from the soil surface at a 0-15 cm depth. Each soil sample weighed about 200-400 g. The collected soil samples were preserved on a wet ice until delivery to a laboratory for measuring reflectance. Coordinates of each sampling location were recorded using a DGPS receiver. Soil samples were oven-dried at 104 °C for 24 hours. The dried soil samples were ground and sieved using a 0.6 mm-sieve (mesh number 30 USA standards). The soil samples were sent to a laboratory for chemical analysis of P concentrations. All soil samples were analyzed for Mehlich-1 extractable P. Soil samples were dried and ground in order to remove the effect of water content and particle size of the soil samples on reflectance measurement. For the purpose of discussion in this paper, the samples obtained from the field were named as wet samples, and the oven-dried samples were named as dry samples.
Reflectance Measurement
A spectrophotometer (Cary 500 Scan UV-VIS-NIR, Varian Inc.) equipped with a diffuse reflectance accessory (DRA-CA-5500, Labsphere) was used to collect spectral reflectance data for each soil sample. About 30 g of soil sample was placed into sample holders. A set of two sample holders (one for a reference and one for a sample) was used. The reference was used to collect baseline (background) data and the sample cell was used to hold the soil samples for reflectance measurements. The optimal range of the sample holder was 400-2500 nm. Reflectance was measured for each soil sample in 400-2500 nm with an increment of 1 nm. Average measurement time was about 4 min per sample including sample preparation with a scan rate of 1818.182 nm/min. Spectral signature for each soil sample was collected using baseline correction mode. Reflectance of the soil samples was measured before and after drying.
Data Analysis
Reflectance of all samples were converted into absorbance before further analysis in order to find relationship between P concentrations and absorption of lights at different wavelength using Beer-Lambert's law (Williams and Norris, 2001) . The data was filtered using Savitzky-Golay polynomial convolution filter to remove the noise in the signal. The data set was divided into two groups as calibration and validation sets. Two thirds of the data set were randomly selected and used for calibration and the remaining one third was used for validation. Correlation coefficient spectrum was calculated for each wavelength to find out highly correlated wavelength bands using SAS PROC CORR. In order to develop a prediction model for P concentrations in the soil samples, PLS with an option of cross validation, and stepwise multiple linear regressions were applied to the data sets using SAS PROC PLS, and PROC REG with stepwise selection option, respectively. Standard error of prediction (SEP) for the wet and dry soil samples computed in order to observe the prediction performance of the calibration models obtained from PLS process. Figure 1 shows absorbance spectra for the wet and dry soil samples at three different P concentrations from 400 to 2500 nm. Absorbance values for the wet soil samples were greater than those for dry soil samples from 483 to 2500 nm. The effect of detector change was observed from 869 to 873 nm for the wet and dry soil samples with 31.46, 7.03 and 1.33 ppm P concentrations. Water absorption bands were clearly identified at 1450 and 1935 nm for the wet soil samples, while the dry soil samples showed the effect of water content slightly at 1928 nm. In 400-880 nm, higher absorbance was observed for the samples with higher P concentration. However, this was not always true for all the soil samples. shows correlation coefficient (r) spectra between absorbance and actual P concentration of the wet and dry soil samples in the calibration data set. It is clearly seen in the correlation coefficient spectra of wet soil samples that peaks at 1450 and 1935 nm showed the absorption bands for water. Overall correlation coefficients for the dry soil samples were lower than those of the wet soil samples. Correlation coefficient spectra showed that there was positive relationship between the absorbance and P concentration for the wet soil samples, while there was inverse relationship between the absorbance and P concentration for the dry soil samples from 697 to 2500 nm. The absolute correlation coefficients (|r|) greater than 0.50 for the wet soil samples were in the wavelength range of 400-765 (VIS), 1924 -1955 , and 2414 R 2 value of a calibration model for the wet soil samples using stepwise multiple linear regressions was 0.84 for the combination of the selected wavelengths at 400, 414, 467, 933, 940, 941 and 1666 nm, while R 2 value of 0.38 was calculated for validation. The R 2 value of a calibration model for the dry soil samples was 0.91 for the combination of the selected wavelengths at 408, 416, 2065, 2068, 2069, 2494 and 2496 nm, while R 2 value of 0.10 was obtained for validation. These validation results imply that the calibration models have been significantly overfitted to the calibration data set.
Results and Discussion
One of the difficult tasks in using PLS is determining the correct number of loading vectors (factors) to model the data. Table 1 Many times the first factor weight vector looks a lot like the spectrum of the "pure" component and the remaining vectors are compensations (Thermo Galactic, 2002) . Most cases loading spectra can be very useful for diagnostic spectral bands (Esbensen, 2002) . Generally, the largest loadings correspond to the most important diagnostic variables.
Figures 3 and 4 show X-loadings and X-weights of the first five factors for the wet soil samples obtained from the PLS analysis in the calibration data set. Figures 5 and 6 show X-loadings and X-weights of the first six factors for the dry soil samples obtained from the PLS analysis in the calibration data set.
The loading and weight spectra of the factors 4 and 5 for the wet soil samples showed the highest peak in NIR, while the X-weights of the factor 4 for the wet soil samples were the lowest in VIS. Mostly the X-loadings and X-weights spectra for the wet soil sample resembled each other.
For the dry soil samples, the factors 5 and 6 showed higher peaks in the X-loadings and X-weights spectra. Peaks of the X-loadings were found at 1447 and 1704 nm for the factor 5, and at 841, 1941, and 2198 nm for the factor 6. For the dry soil samples, the spectra for X-loadings and X-weights also resembled each other. Table 2 shows the percent variation explained by factors extracted from the PLS procedure for the wet soil samples. 99.88% of the spectra can be explained by the calibration model while 69.97% of P concentrations can be presented by the calibration model with five factors for the wet soil samples. Table 3 shows the percent variation explained by factors extracted from the PLS procedure for the dry soil samples. 99.97% of the spectra can be explained by the calibration model while 89.61% of P concentrations can be presented by the calibration model with six factors for the dry soil samples. This step indicated that these calibration models could be successfully used for validation. Figure 7 shows the relationship between predicted and actual P concentrations for the wet soil samples in the validation data set. R 2 value of 0.78 for validation was found. Figure 7 showed that the calibration model predicted the P concentrations from the spectra better than the stepwise regression analysis. Prediction model for the wet soil samples showed that the calibration model underestimated P concentrations from 33 to 52 ppm. Figure 8 shows relationship between predicted and actual P concentrations for the dry soil samples in the validation data set. R 2 value was computed 0.89. The R 2 value for the dry soil samples was higher than that for the wet soil samples for the validation. The calibration model for the dry soil samples was found to be underestimating the P concentrations in the validation data set from 15 to 52 ppm. Standard error of prediction (SEP) was 6.71 ppm for the wet soil samples, while SEP was 4.93 ppm for the dry soil sample in the validation data sets. SEP was computed as 12.9% and 9.4% of the highest P concentration for the wet and dry soil samples in the validation data sets.
Conclusion
Overall correlation coefficients for the dry soil samples were lower than those of the wet soil samples. In addition, stepwise multiple linear regression results showed that R 2 value for the wet soil samples was higher than that of the dry soil samples in the validation data sets. However, PLS procedure produced higher R 2 values for both the wet and dry soil samples for the validation data sets. 9.4% and 12.9% of SEP for PLS procedure validation for the dry and wet soil samples is somehow reasonable to determine the low to high P areas in a field.
This study showed that prediction of P concentration using spectral reflectance indicated promising results towards the development of a P-sensor using VIS and NIR. However, more investigation is needed to produce better P concentration predictions.
